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Abstract: Digital active noise control (ANC) for headphones usually has to predict the noise because of the latency of common
audio converters. In adaptive feedback ANC, the prediction is based on the noise that entered the headphone. This noise is lowpass ﬁltered because of the physical barrier of the ear cups. In this study, this low-pass characteristic is exploited to deﬁne a
prediction ﬁlter which does not require real-time updates. For broadband noises, the prediction ﬁlter performs better than
adaptive prediction methods like the least mean squares algorithm or iterated one-step predictions in the relevant frequency
band. This is shown in simulations as well as in measurements. In addition, the authors show that their prediction ﬁlter is
more robust against changes in the acoustics of the headphone.

1

Introduction

Active noise control (ANC) systems sense, process and
play-back noise such that it interferes destructively with the
ambient noise. In headphones, ANC is a very efﬁcient and
powerful protection against loud sound levels. It cancels
ambient noises directly at the user’s ear and reduces the
need for loud music play-back.
There are analogue and digital realisations of ANC
headphones, whereas digital systems allow more freedom in
the controller design. However, the latency of conventional
audio converters severely limits the ANC performance [1].
In these cases, the adaptive ﬁlter has to predict the noise to
compensate for the delay. In the feedback ANC approach,
the prediction is based on noise that actually entered the
headphone. This has two advantages. Firstly, ANC is
independent from the direction of incident noise and also
works in diffuse sound ﬁelds [2, 3]. Secondly, the upper
frequencies of the entered noise are damped by the ear cup.
This low-pass characteristic is advantageous when it comes
to signal prediction [4].
In literature, prediction is mostly done by different kinds of
the least mean squares (LMSs) algorithm [5–7] or by iterated
one-step-ahead predictions [8]. Both algorithms are based on
sequential updates of the prediction ﬁlter and account for
changes in the noise-signal characteristics. However, since
most environmental noises such as trafﬁc noises are
broadband, the signal characteristic of the penetrating noise
mainly depends on the assumed constant damping of the
ear cups.
In this paper, we therefore suggest the design of a
prediction ﬁlter that is only based on this passive damping
characteristic. The proposed ﬁlter does not require run-time
coefﬁcient updates, which makes its application simple and
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economical, and still it yields better and more robust ANC
results than the adaptive methods.
The structure of digital feedback ANC is reviewed in the
following section and the prediction ﬁlter design is outlined
in Section 3 and 4. Section 5 shows simulation and
measurement results and compares the proposed prediction
with LMS and iterated one-step-ahead predictions before
the conclusion and an outlook is given in the last section.

2

Digital feedback ANC

Headphones with feedback ANC, as depicted in Fig. 1, only
require one microphone inside each ear cup. This microphone
measures the residual error signal e(t), which is the
superposition of the entered noise x(t) and the played-back
anti-noise y(t).
With the analogue/digital converters (ADC and DAC) and
the group delay of the secondary path S(s) (i.e. the transfer
function from the loudspeaker to the error microphone),
there is a delay in the feedback loop; a delay which
considerably limits the bandwidth of the ANC. To increase
the bandwidth, this delay has to be compensated by
predicting future samples of x.
Since x is not directly available, an estimate x̂ is obtained
by subtracting an estimate ŷ of the played-back anti-noise
from the sensed residual error, x̂ = e − ŷ. The estimate ŷ
itself is obtained by feeding the output of the prediction
unit through a model Ŝ(z) of the secondary path and
delaying the signal according to the latency of the
converters. Owing to the internally generated disturbance
signal x̂, this feedback controller is called an internal model
controller (IMC). For a detailed description of IMCs, we
refer to [9].
1
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Levinson–Durbin algorithm [11], but only if D = 1. The
resulting one-step-ahead predictor can still be used for a
delay of 2N samples when the linear prediction of (1) is
iterated 2N times. However, since the prediction ﬁlter is
stable, the recursive one-step-ahead prediction converges to
zero. Thus, the ﬁlter outputs have to be ampliﬁed to get a
reasonable multi-sample prediction.
To avoid this problem, gradient search algorithms are often
used for prediction problems with more than one sample
delay. Gradient search algorithms like the normalised
ﬁltered x LMS (FXLMS) use the noise estimate and the
error signal to recursively calculate the prediction ﬁlter
w(n + 1) = w(n) + m

Fig. 1 Digital feedback ANC:
An estimate of the noise inside the ear cup x̂(n) is used as input for the
prediction unit. The inverted output is played back to cancel the entered
noise x(t)

3

Noise signal prediction

Assuming that a correct estimate of x is given, x̂(n) equals
x(n − N) with N being the delay of one converter in
samples. With this, the prediction unit builds a weighted
sum of the available past samples to predict the future noise
sample
x(n + N) =

L−1


wi x(n − N − i)

(1)

i=0

e(n)Ŝ x̂
x̂T x̂

(4)

where μ is the step size parameter which determines the speed
of convergence [12, 13]. A large step size leads to a faster
convergence, however, with the cost of a slightly larger
excess error [10]. Still, in ANC applications a fast
adaptation is desired, but the step size has to be bounded by
μ < (2/λmax), where λmax is the largest eigenvalue of Rx in
order to keep the algorithm stable.
However, the steady update of the coefﬁcients is
unnecessary if the main noise characteristic always stays the
same. In our ANC application, this is the case because the
upper frequencies of the outside noise u (as in Fig. 1) will
always be damped by the physical barrier P(s) of the ear
cup. This passive attenuation can be written down as a
convolution operation

with L being the prediction order and wi the coefﬁcients of a
linear prediction ﬁlter. The residual error e follows as

x = Pu

e(n) = x(n) − wT Sx(n − D)

where P is a convolution matrix of a low-pass impulse
response that simulates the passive attenuation. With this,
the autocorrelation matrix Rx follows to

(2)

where w is the vector of ﬁlter coefﬁcients, S is a convolution
matrix of the secondary-path impulse response and x is a
signal vector starting from D = 2N samples in the past. The
minimum of the expected squared error leads to the
well-known Wiener ﬁlter [10] and the optimal prediction
solution

−1
wopt = SRx S T Sr

(3)

where Rx is the autocorrelation matrix of the latest available
noise samples
⎡
⎢
⎢
Rx = ⎢
⎣

r0
r1
..
.

r1
r0
..
.

rL−1

rL−2

⎤

rL−1
rL−2 ⎥
⎥
.. ⎥
..
. ⎦
.
r0

and r is a vector of autocorrelation elements starting from lag
D
⎡
⎤
rD
⎢ rD+1 ⎥
⎢
⎥
r=⎢ . ⎥
⎣ .. ⎦
rD+L−1
The matrix inversion in (3) can be avoided with the
2
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Rx = P T Ru P

(5)

Assuming that u is white noise, its autocorrelation matrix Ru
reduces to an identity matrix and Rx solely depends on P.
Thus for white noise u, the calculation of the optimal
prediction ﬁlter (3) simpliﬁes to

−1
wopt = SP T PS T Sp

(6)

where p is a vector of the low-pass autocorrelation matrix
P TP starting from time lag D.
In Section 5, we will show that this simpliﬁed prediction
ﬁlter also works for non-white noises, especially if the
noises are broadband and their spectral characteristic is still
shaped by the passive attenuation P.
The big advantage of (6) is that it allows for an a priori ﬁlter
design where no real-time calculation of the ﬁlter coefﬁcients
is needed. All required data [S(ω) and P(ω)] can be measured
and designed in advance. Also, we do not need to rely on an
autocorrelation matrix Ru which will never be obtained
exactly in real-life applications. The prediction ﬁlter that
follows from this a priori calculation can be used as a ﬁxed
prediction ﬁlter in the ANC headphone.
IET Signal Process., pp. 1–8
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4.1

Filter design for a prototype headphone
Passive attenuation of the headphone

The proposed non-adaptive prediction ﬁlter (6) depends
mainly on the passive attenuation of the headphone. The
passive attenuation itself, however, slightly depends on the
tightness of the wearing situation and the direction of
incident noise. We therefore measured the passive
attenuation of a prototype headphone on different persons
(including a dummy head) and for different directions of
incident sound.
Our prototype headphone is equipped with a microphone
inside and a microphone outside each ear cup. Although the
outside microphones are not necessary for the feedback
ANC application, they are very useful for the measurements
of the passive attenuation because they can be used as
reference microphone for the outside noise. Thus, we
evaluated the passive attenuation P as the relation between
the sound pressure level (SPL) Pin inside the ear cup and
the SPL Pout outside the ear cup. P = (Pin/Pout) as in Fig. 2.
The measurements were carried out on four persons and a
dummy head. The four subjects were asked to once put on the
headphone tight and another time to put it on leaky. On the
dummy head we measured four scenarios:

Fig. 3 Setup to measure the passive attenuation for different
directions of incident sound with loudspeakers around and above
the test subject
The passive attenuation was measured for ﬁve directions. From 0°, 90°, 180°
and 270° in the horizontal plane and from 90° elevation

1. The headphone is tied tightly to the dummy head.
2. The headphone is put normally on the dummy head.
3. A leak of 1 mm diameter and 15 mm length [The inserted
leak has an equivalent electrical resistance of ∼11 MΩ and an
inductivity of 23–30 kH.] is introduced between the normally
sitting headphone and the ear of the dummy head.
4. A second such leak is introduced between the headphone
and the dummy ear.
For each of the above scenarios, we measured P for ﬁve
different directions of incident sound (front, left, right, back
and above) with loudspeakers placed ∼1 m around the test
subjects as shown in Fig. 3.
The median passive attenuation over all measurements
increases approximately with 12 dB per octave above
500 Hz. This corresponds to a simple second-order ﬁlter.
We thus propose a second-order low pass with 500 Hz
cut-off frequency for the design of the prediction ﬁlter.
Fig. 4 shows the variations of the passive attenuation in
third octave band and the second-order ﬁlter P(jω), which
is proposed for the prediction ﬁlter design. After these a
priori measurements in laboratory conditions, no further
online measurements of P are necessary for the design of
the prediction ﬁlter. The deviations of the real measured
attenuation from this idealised second-order low pass and
their inﬂuence onto the ANC performance are examined in
Section 5.

Fig. 2 Measurement of the passive attenuation P = (Pin/Pout) in a
tight case on the left and a leaky case on the right
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Fig. 4 Variation of the passive attenuation in third octave bands
for different users, different leakage situations and different
directions of incident sound
The boxes include 50% of the measured SPLs and the whiskers show the
distribution of all 60 measurements except for the outliers which are
marked as crosses. The bars in the middle of the boxes denote the median
values of the measured SPLs. The passive attenuation can be approximated
by a second-order ﬁlter

4.2

Secondary path

The feedback ANC system of Fig. 1 predicts the penetrated
noise such that it interferes destructively. However, the
anti-noise is played back and modiﬁed by the secondary path
S (i.e. the loudspeaker) of the headphone. For a perfect noise
cancellation, this secondary path would be needed to be
compensated. The compensation of S is also indicated in (6)
by the pseudoinverse of the convolution matrix (SS T)−1S.
However, since the loudspeaker response S involves a delay,
its inverse is acausal. A perfect compensation of S is thus
impossible. Two steps can nevertheless be undertaken to
approximately compensate for the secondary path:
1. The group delay of S can be estimated and this group delay
can be considered in the prediction ﬁlter design as additional
time lag D̂ for vector p in (6).
2. The amplitude of S can be compensated with a single gain
factor (1/g).
3
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The prediction ﬁlter is thus calculated as
wopt =

1  T −1
P P p
g

(7)

where g is a mean amplitude value of S, and p is a vector of
the low-pass autocorrelation matrix P TP starting from time
lag D + D̂.
Fig. 5 shows the group delay variation of S for the four test
subjects and the dummy head. The group delay is not constant
over the frequencies, but the prediction ﬁlter design demands
one ﬁxed time lag D̂. We therefore take the delay of the main
pulse in the impulse response of S as ﬁxed time lag. This
delay is about 100 μs as can be seen in Fig. 6.
Fig. 7 shows the amplitude variation of the secondary path
for the four test subjects and the dummy head in tight and
leaky wearing conditions. We propose to take the mean
value of the amplitudes between 200 and 600 Hz (i.e.
15 dB) as compensation factor g, because ﬁrstly this is the
frequency band where we desire good ANC and secondly
the amplitudes in this band are very consistent for all test
subjects. On the other hand, this means that frequencies
below 100 Hz will not always be cancelled in the best
possible way since their amplitude is lower than these 15 dB.

Fig. 5 Variation of the group delay of S, for four users and a
dummy head
Again, the boxes include 50% of the measured delays and the whiskers show
the distribution over all ﬁve measurements. The group delay increases largely
below 100 Hz

Fig. 6 Impulse responses of S for four users and a dummy head
in tight wearing situations
The main pulses appear after about 100 μs
4
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Fig. 7 Variation of S in third octave bands, for four users and
a dummy head
The amplitudes are roughly constant and do hardly vary above 100 Hz
whereas there are large differences between the users and a general
high-pass characteristic below 100 Hz

For the prediction ﬁlter design, we take the scalar value g =
15 dB that we derived from the laboratory measurements.
However, an exact model of S is still required for the IMC
in order to get a correct estimate of the penetrated noise x̂.
Therefore it is crucial for the ANC system that a good
model Ŝ is acquired. While the passive attenuation P was
only measured once for all different use cases, the impulse
response of Ŝ has to be measured for every user because it
may vary from the laboratory measurement [14].
Since the headphone is used for ANC, the secondary path
is usually measured in very noisy conditions. We need at least
10 dB signal-to-noise ratio (SNR) for the measurement
because the secondary path S has a dynamic of about 10 dB
as can be seen in Fig. 7. Therefore
† we ﬁrstly measure a sample of the penetrated noise and
apply an A weighting ﬁlter to get an estimate of the dBA
level.
† Secondly, we use a measurement signal with roughly the
same spectral characteristic as the penetrated noise, that is,
the second-order low pass from Fig. 4.
† Thirdly, we play back the measurement signal with the
dBA level of the noise and increase the SNR to 10 dB by
extending or repeating the measurement signal ten times.
Ŝ is the discrete Fourier transform (DF T ) of the
measurement response yS divided by the DF T of
 the
measurement signal xS Ŝ = DF T (yS ) DF T (xS ) . In
the time domain, it is a deconvolution of yS with the inverse
of xS.
We propose a sequence of pink noise (which is ﬁltered with
the aforementioned second-order low pass) as measurement
signal because it is unobtrusive and might even not be
noted within the broadband noise from outside. However,
any broadband signal like sine sweeps or maximum length
sequences will sufﬁce this purpose [15–18]. In any case,
the unextended measurement signal needs to be at least
50 ms long in order to be able to measure frequencies down
to 20 Hz. With the extension/repetition of the measurement
signal the whole procedure lasts a little bit longer than 1 s;
after this time, ANC can be started.
In literature, advanced methods for online secondary path
identiﬁcation are proposed [5, 6, 19–22]. These methods are
able to track changes in the secondary path during the
IET Signal Process., pp. 1–8
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active noise cancellation. Such methods are not yet
implemented in our ANC system, but since we save
resources with our non-adaptive prediction ﬁlter, these
resources might be used for online secondary path
identiﬁcation. Another strategy is to include an uncertainty
model in controller design that allows for some variation in
the secondary path as it is done in [23–25]. The
consequences of changes in the secondary path onto our
ANC system will be examined in the following section.

5

Simulation and measurement results

The following simulations are based on measurement data
from our prototype headphone described in the previous
section. We have a total latency of ∼190 μs, including the
loudspeaker response of the headphone and the converter
latency. This corresponds to D̂ + D = 8 samples at 48 kHz
sampling frequency. If not indicated differently, we use a
0.2 s long impulse response for S and a 11 ms long version
of the same impulse response for Ŝ.

Fig. 9 Spectrum of the aeroplane noise x that entered the
headphone and the residual noises after ANC with the proposed
prediction ﬁlter, an LMS ﬁlter and after iterated one-step-ahead
prediction

5.1 Investigation on the spectral characteristic
of the noise

the two prediction ﬁlters between 150 and 300 Hz, and it
produces a smaller error above 2000 Hz. However,
it therefore only cancels noise up to 600 Hz, which makes
it less favourable compared with the ﬁxed prediction ﬁlter.
Denote that the LMS ﬁlter converges to the H2 optimal
Wiener ﬁlter and that the prediction ﬁlter can only reach a
larger bandwidth, because it allows more error in the upper
frequency band. In [23], a constraint on the noise
enhancement in the upper frequencies is suggested for ANC
in a headrest. In the case of headphones, however, the error
in the upper frequency bands has a negligible SPL because
of the pronounced passive attenuation.
The excitation noise of the previous simulation was very
broadband. Thus the penetrated noise x was above all
coloured by the passive attenuation P. We could therefore
expect a good result of the proposed prediction ﬁlter. In the
next simulation, we use the noise of an accelerating engine
which is narrow band and time varying. Fig. 10 shows that
the LMS algorithm has advantages here, but only if the step
size is increased to μ = 0.01. However, this step size is only
possible if a good model Ŝ is implemented. It bears the risk
of driving the LMS algorithm unstable for wrong estimates
of S as can be seen in the following section. A solution
could be an adaptable step size as suggested in [20]. In

Now, this eight-sample prediction ﬁlter is compared with
adaptive methods like LMS and iterated one-step linear
prediction. Although the prediction ﬁlter is derived under
the assumption of white input noise, this comparison is now
done for noises with non-white spectral characteristics:
† Static and broadband aeroplane noise.
† Time-varying narrow band noise of an accelerating engine.
The ﬁlters have a length of 32 samples in all cases and the
step size of the normalised LMS algorithm is set to 0.003 if
not indicated differently. This step size is a factor 6 below
the maximum stable value for the given inputs and it yields
a convergence after < 0.4 s as can be seen in Fig. 8. For the
following comparison, only the steady-state error after these
0.4 s is considered.
Fig. 9 shows the spectrum of the aeroplane noise and the
spectra of the residual noises after ANC. Our prediction
ﬁlter yields slightly better results than the iterated one-step
prediction ﬁlter and – at the same time – consumes far less
processing power. The LMS performs slightly better than

Fig. 8 Learning curve of the LMS algorithm for the broadband
aeroplane noise
The curve is derived as a cumulative sum of e 2[n] normalised by the
cumulative sum of the squared input noise x 2[n]
IET Signal Process., pp. 1–8
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The prediction ﬁlters yield ANC up to 1.5 kHz, whereas the LMS only
cancels noise up to 600 Hz. The deteriorated ANC of all methods below
80 Hz comes because of the long group delay of the loudspeaker in the
low-frequency band

Fig. 10 Engine noise x that entered the headphone and the
residual noises after ANC
Again, the ﬁxed prediction ﬁlter yields ANC in a larger band width than the
LMS algorithm. However, if the step size μ is increased to 0.01, the LMS
performs better at the spectral peak around 120 Hz
5
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either case, the proposed ﬁx prediction ﬁlter yields a much
larger ANC bandwidth up to 1.5 kHz again.
5.2 Investigation on variations in the secondary
path and the passive attenuation
In the previous simulations, we showed that the proposed
prediction ﬁlter yields the largest ANC bandwidth
independently of the spectral characteristic of the noise.
Here, we investigate the inﬂuence of variations in S and P
on the ANC performance. We investigate the inﬂuences of
these transfer functions separately although in reality they
might be coupled. For example, a leaky wearing situation
might deteriorate the passive attenuation and, at the same
time, weaken the reproduction of low frequencies in the
secondary path.
First, we compare the ANC of the proposed prediction ﬁlter
for two different passive attenuations. The frequency
responses of these attenuations are shown in Fig. 11. The
secondary path stays unchanged and the excitation signal is
pink noise. Although one measured passive attenuation is
much poorer than the other, the difference of the ANC in
third octave bands from 20 to 4000 Hz stays below 0.5 dB.
Thus the exact knowledge of P is not necessary for the
prediction ﬁlter design.
Next, we investigate the inﬂuence of a wrong
secondary-path estimate on the noise prediction. Again, in
reality a change in S will not only affect the prediction but
the whole feedback ANC system, where a model of S is
also needed to estimate the penetrated noise x̂. However, we
will investigate the inﬂuences separately to gain a deeper
insight in the ANC system.
Fig. 12 shows the frequency response of the used S and Ŝ.
Although Ŝ has a very ﬂat frequency response, S has a strong
drop off below 200 Hz. On the one hand, this means that the
given gain correction (1/g) will not hold for those frequencies,
and we have to expect a poor performance in the low
frequencies. On the other hand our prediction ﬁlter does not
depend on the exact frequency response of S and is thus
robust against changes. The FXLMS algorithm however
needs a good estimate Ŝ for its coefﬁcient update as
indicated in (4). Fig. 13 shows that the FXLMS with a step
size of μ = 0.003 starts to become unstable after 1 s,
whereas the ﬁxed prediction ﬁlter still yields an ANC of
>10 dB between 100 and 200 Hz.

Fig. 11 Two different frequency responses of the passive
attenuation
The solid one was measured under tight wearing conditions. Therefore the
passive attenuation already starts at 400 Hz. The dashed frequency
response does hardly attenuate up to 1 kHz. It was measured under a leaky
condition
6
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Fig. 12 Real and estimated secondary path
They differ considerably, especially below 200 Hz

Finally, we consider the full consequences when S and P
change after the initial identiﬁcation process. Thus, in this
simulation also the estimation of x̂ via the feedback branch
through Ŝ is affected. The feedback ANC system with the
FXLMS algorithm runs unstable before 1 s.
With the transfer functions from Fig. 12, the ANC system
with the proposed prediction ﬁlter is still stable, but it
produces an error of >10 dB around 80 Hz as can be seen
in Fig. 14. In general, it has to be said that – without

Fig. 13 Pink noise x and the residual noises after ANC with a
wrong estimate of S in the prediction unit
The FXLMS algorithm which depends on a good model of S starts to become
unstable after the simulation time of 1 s. The proposed prediction ﬁlter still
yields a good ANC performance

Fig. 14 Pink noise x and the residual noises after ANC with a
wrong estimate of S also in the feedback branch Ŝ which estimates x̂
While the FXLMS runs unstable within 1 s. The proposed prediction ﬁlter
still yields good results above 100 Hz, but increases the error considerably
below 100 Hz
IET Signal Process., pp. 1–8
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suggested for feedback ANC applications. Simulations
show that this ﬁlter reaches equal – if not better – results
than adaptive prediction methods like the LMS or an
iterated one-step-ahead linear prediction. At the same time,
it is more stable against changes in the acoustics of the
headphone. For a prototype system, we could show that the
feedback ANC system can be kept very simple without any
adaptation, but for a commercial product some kind of
online secondary path estimation or stability check will be
necessary. The proposed prediction ﬁlter might also be used
in hybrid ANC systems as proposed in [3, 26, 27], where it
is expected to lead to improved ANC results, too.
Fig. 15 Measurement results from pink noise x and the residual
noises after ANC
The proposed prediction ﬁlter yields a much better ANC than the FXLMS
algorithm between 200 and 1500 Hz with the cost of producing more error
above 1500 Hz. Below 50 Hz, the loudspeakers do not produce enough
SPL and additionally, the large group delay of S in these frequencies
disables a better ANC

further constraints – stability cannot be guaranteed for all
deviations from the initially measured secondary path. A
robust IMC design that accounts for uncertainties in the
secondary path model can be found in [23, 24].

7
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5.3

Measurement result

Finally, we implemented the feedback ANC system on a
digital signal processor in order to compare the proposed
prediction ﬁlter with the LMS algorithm under real
conditions. In the implementation, we use a 6 ms impulse
response of Ŝ instead of the 11 ms impulse response. The
shorter impulse response saves computational power,
especially for the FXLMS which needs two convolutions
with Ŝ: one for the update of its coefﬁcients and a second
one to obtain the estimate x̂ of the penetrated noise (which
is generally needed in the digital feedback ANC approach).
The measurement setup equals the one in Fig. 3. As
excitation signal, we used pink noise. Fig. 15 shows the
results of the measurement. The proposed prediction ﬁlter
yields an ANC up to over 1000 Hz whereas the FXLMS
algorithm only cancels noise up to 400 Hz. As already
shown in the simulations, the FXLMS algorithm is much
more sensitive to uncertainties in the secondary-path
estimate. Also, the adaptive algorithms are more sensitive to
sensor noise, which is why the use of a Kalman ﬁlter is
proposed in [8]. Our prediction ﬁlter is very robust against
sensor noise and inexact estimates of S and, at the same
time, much more economical and efﬁcient than the adaptive
methods. It only produces a larger error in the
high-frequency band, which can be accepted since the
passive attenuation at these frequencies is already very good.

6

Conclusion and outlook

This paper presents a new predictive solution for the biggest
problem in digital feedback ANC headphones: The
unavoidable delay of the secondary path and the AD/DA
conversion. We show that a main part of the noise
characteristic is determined by the passive attenuation
because of the ear cups. With this information, we design
an a priori prediction ﬁlter that does not need any real-time
coefﬁcient updates and is therefore very economical. To the
knowledge of the authors, this elegant prediction solution,
elaborated by Jain and Ranganath [4], has never been
IET Signal Process., pp. 1–8
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